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Multiscale dilated dense network for hyperspectral image
classification with limited training samples

Tu Chao',Liu Wanjun®,Zhao Linlin*, Qu Haicheng®

(1. School of Geomatics, Liaoning Technical University, Fuxin 123000, China;
2. School of Software, Liaoning Technical University, Huludao 125105, China)

Abstract: In order to fully extract the spatial-spectral features of hyperspectral image with limited training samples and improve
classification accuracy, a hyperspectral image classification method combining dilated convolution and dense network is proposed.
Firstly, a multi-scale dilated feature extraction module is constructed by introducing different numbers of dilated convolutional layers and
ordinary convolutional layers to increase the receptive field of model through cascading and extract multi-scale features. Then, the dense
connections are established between multi-scale dilated feature extraction modules to achieve feature reuse while alleviating the problem
of gradient vanishing. However, there are no dense connections within the modules to avoid the problem of building a deep network with
excessive network parameters. Finally, the obtained features are sequentially classified through pooling layers, fully connected layers,
and Softmax layers. In addition, this study adds the dropout regularization after the fully connected layer to prevent overfitting. Compared
with classical classification methods on the Indian Pines and WHU-Hi-Longkou datasets, our method provides an OA of 98.75% and
98. 82% , respectively. The experimental results show that the network model designed in this study provides the best classification
performance at the limited sample conditions.
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Fig. 1 Overall network structure
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Fig.3 Multiscale dilated feature extraction module
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Table 3 Classification results of different methods on the Indian Pines dataset %
255 SP-SVM 3DCNN FDSSC 3D-DenseNet Dilated-3DCNN 3D-2D-ADCNN MDDN
1 42.72 100 100 97.67 97.22 99. 00 100
2 35. 66 96. 71 97. 80 97. 69 98. 10 97.12 97. 87
3 57.54 91.58 96. 55 95.22 94. 24 97. 05 97. 63
4 63. 00 84. 15 99. 58 96. 15 96. 90 98. 32 96.77
5 49. 88 99. 03 97. 30 99. 25 98. 64 98.72 97.90
6 63.02 97.56 96. 94 97.79 97. 50 98. 89 99.79
7 82.45 46. 00 96. 15 73. 68 88. 42 100 99. 05
8 77.78 97.94 99.79 99.79 97.13 100 100
9 97. 68 100 100 94.74 83.01 94. 11 99.79
10 33.90 87.25 97.07 95.76 94. 44 96. 68 100
11 48.92 95. 14 97. 34 95.72 95.17 98.02 99. 18
12 76. 48 86. 56 95. 45 94. 66 92.47 91. 89 99. 31
13 53.96 97.62 99. 03 100 97. 56 100 97. 15
14 79. 69 96. 22 99. 21 94. 82 98.01 99. 12 100
15 92. 38 73.92 97. 10 89. 44 88.28 93.61 99. 29
16 64.37 98. 80 100 100 98. 81 100 99. 74
0A 66. 65 92. 86 97.63 96. 04 95.91 97.62 98.75
AA 63.71 90. 53 98. 08 95. 15 94.74 97. 66 98.97

Kappa 62. 94 91. 86 97.30 95.48 95.33 97.29 98.57
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Fig. 6  Classification results of different methods on the Indian Pines dataset
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Table 4 Classification results of different methods on the WHU-Hi-Longkou dataset %

B SP-SVM 3DCNN FDSSC 3D-DenseNet Dilated-3DCNN 3D-2D-ADCNN MDDN
1 53.24 66. 93 90. 83 85. 88 74.39 94.16 96. 02

2 94.78 97.01 95. 35 97. 84 98. 14 98.92 99. 29

3 46.94 48.24 88.77 86. 21 62.19 89.57 95.24
4 70. 21 91.59 94.09 88. 69 96. 13 93. 66 97.51
5 89.21 86. 63 96. 65 86. 90 92. 69 98. 26 99. 03
6 29.79 79. 06 82.74 80.23 80. 06 77. 85 96. 23
7 91.57 77.47 94. 18 99.27 95. 16 99. 30 99. 46
8 99. 94 99. 85 98.97 96. 98 99. 96 99. 96 99. 95

9 96. 46 97.21 95.99 94.92 93.42 95.89 97. 61
0A 89. 17 90. 13 97.37 96. 54 94. 08 97.91 98. 82
AA 74. 68 82. 67 93.07 90. 78 88. 00 94.17 97.70
Kappa 85.71 86. 90 96. 55 95.46 92.21 97.25 98. 45
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Fig.7 Classification results of different methods on the WHU-Hi-Longkou dataset
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Table 5 Training and testing time of different methods on two datasets

HiEak ]/ s SP-SVM 3DCNN FDSSC 3D-DenseNet Dilated-3DCNN ~ 3D-2D-ADCNN MDDN
Yl it a] 13.78 156. 32 582.67 1982.62 1 358.41 1 195.99 1533. 14
Indian Pines
I3 ] 0.83 1.54 6.45 15.83 14.79 12.59 13.56
Ve 184.76 583.65 1 336.29 3 623.81 2 489. 03 2 053. 86 2744.52
WHU-Hi-Longkou
T3 ] 3.83 6. 68 10. 34 48.07 21.51 20.26 23.04
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